Introduction
Today, oil, an important energy source, directly or indirectly affects the economies of all countries in the world. Changes in oil prices affect the economy in various ways [1] . First, the rise in oil prices increases the cost of production which results decrease in productivity. Second, it disrupts the foreign trade balance of oil importing countries where oil importer countries transfer wealth towards oil exporter countries. As a result of the wealth transfer, the purchasing power of companies and households falls in the oil importer countries. This effect has different implications due to being an oil importer or exporter country. Third, due to the real balance effect [2] , the rise in oil prices increases the demand for money. As the monetary authority fails to meet the increase in money demand, interest rates rise which results a reduction in the economic activity. As the monetary authority fails to meet the increase in money demand, an increase in interest rates will cause a fall in economic activity [3] . Fourth, the increase in oil prices will causes inflation which leads to the spiral of price-wage increases. Fifth, it has a negative impact on consumption, investment and stocks. Increasing oil prices leads to a decrease in disposable income and in consumption. Furthermore, investments decrease due to increased costs. Finally, the rise in oil prices reduces employment in the country [4, 5] .
Among the emerging economies, Turkey has a significant energy consumption. In the process of economic growth and development, Turkey's hunger for energy has been increasing.
Authorʼs e-mail: aysekarakas5767@gmail.com Moreover, energy, as a significant input that facilitates economic growth and development, has a strategic importance. However, Turkey does not have the sufficient energy production which results the increase in costs in Turkey, in case of any increase in the price of energy, due to being dependent on external sources.
The main purpose of this study is to examine the dependence structures and/or tail dependence between oil price changes and stock market indices using the copula-GARCH method. In the majority of previous studies, researchers used traditional time series models such as vector autoregression (VAR) and cointegrated vector error-correction models [6] [7] [8] [9] [10] [11] [12] . The dependence structure estimated via copulas is more robust since it separates the dependence structure from the choice of margins [13] . The copula method provides two important advantages in multivariate analysis [14] . Copulas capture non-linear dependencies and can provide the structure of the dependence and are invariant to increasing and continuous transformations [15] . First, this method allows researchers to separately model marginal distributions and dependencies and their related effects. Second, the copula method captures the dependence between variables completely. There exist a large number of copulas to capture a myriad of dependence structure, allowing fat-tiredness, asymmetry, tail dependence and so on. The dependence structures among financial markets are important for effective risk management and international asset allocation [16] . In this paper, we investigate volatility effect Brent Oil, ISE30, ISE50, and ISE100. Volatility of each stock market are found based on the multivariate GARCH(1,1), EGARCH, TGARCH, PGARCH, and CGARCH models. We employ a two-step copula-GARCH model to examine the dependence structure of financial series.
Literature review
Since Hamilton [5] is pioneering work, the relationship between oil prices and macroeconomic factors have been to the subject of many studies. In [5] , the change in oil prices led to a recession in the American economy. Later, the relationship between oil prices and other economic variables for various developed and developing countries has been analyzed in different ways. In [8] is analyzed the relationship between futures oil prices and US equities using the VAR model. The authors have not found any relationship between futures oil prices and the Standard & Poor index (S&P). The study by Sadorsky [12] explored the effects of oil price shocks on industrial production index, interest rates, S&P index and inflation rates. Using the VAR model, impulse response analysis, and variance decomposition methods, positive oil price shocks are a negative and statistically significant effect on the stock market index. In [17] is predicted the impact of oil price shocks on oil supply and demand in 14 different sectors. While oil price changes reduce supply in industries that use intense oil in production (such as petroleum refinery, industrial chemistry), demand in other industries (such as automobiles) is reduced. They pointed out that the automobile sector is the sector most affected by oil price shocks. In [18] is explored the relationship between crude oil prices and stocks of oil and gas companies operating in the UK. They emphasized that the change in oil prices positively affected oil and gas stocks. In [4] is analyzed oil prices and the impact of 21 emerging markets on stock returns according to international multi-factorial models that estimate conditional and unconditional risk factors. In [6] is analyzed monthly yields using the highly volatile VAR model of the relationship between oil price shocks and the Chinese stock market. They found that oil price shocks did not affect statistically many Chinese stock sector returns, except for production and some oil companies. In [7] is tested the relationship between stock prices of alternative energy utilities, technology stock prices, oil prices and interest rates using weekly data and VAR model between 2001-2007. In [19] is examined the relationship between the monthly returns of 35 global industrial sector indices and oil prices between 1983-2005. The study concluded that oil price changes had a negative impact on all sectors other than the share gains of the mining, oil and gas sectors. In [11] is analyzed the impact of oil price shocks and volatility on stock returns in the US and 13 European countries. In the study, they examined stocks, interest rates, consumer prices, industrial production variables using the highly variable VAR model. They found that oil price shocks were negatively affecting stock returns in the US and 13 European countries (except Norway). In [20] is explored the impact of oil prices on the Athens stock exchange and other macroeconomic variables. According to the results of the study, oil price shocks have a negative effect on the Athens stock exchange but have no effect on the customer price index and industry index. In [21] , in the case of Vietnam, between 2000 and 2008, using daily data, they examined whether there is an integrated relationship between oil prices, stocks, and exchange rates. According to the analysis results, in the long run, oil prices, stock prices and exchange rates were found to be related. Moreover, it has been found out that the effect of oil prices on stock prices is positive. In [22] is estimated the relationship between oil price changes and the 13 US sectors using daily data using the Garch model. They pointed out that oil price changes are important in determining excess returns in 9 of the 13 sectors. In [23] is analyzed the relationship between oil prices and the daily returns of 560 firms traded in the New York Stock Exchange between 2000 and 2008 by using the Garch model. In the study, they found that oil prices affect firm returns at different levels according to sectors. In [10] is investigated the impact of oil price shocks on industrial production, interest rates, employment and the stock market in his analysis of Greece between 1989-1999. Using the VAR model, impulse-response analysis, and variance decomposition methods, it found that oil prices affected both stock price movements as well as employment and real activity. In [24] is explored the volatility spillover effect between oil prices and stock markets of some European countries with the VAR-Garch model. In [16] is explored the dynamic dependence between crude oil prices and stock markets in 10 countries in the Asia-Pacific region by using conditional and unconditional Copula models between 2000 and 2012. In [14] is analyzed the relationship between oil prices and stock market indices in different countries using the Copula model between 1982-2007. As a result of their analysis, in most cases, they found a weak link between oil prices and the stock indices. In [25] is analyzed the relationship between oil price volatility and stock returns in the G7 (Canada, France, Germany, Italy, Japan, UK, and USA) economies between 1970-2014. As a result of their analysis, an increase in oil price volatility has found that the G7 stock markets have had a negative impact. In [26] is investigated the dynamic relation between oil, stocks and currency markets by using a vine copula based Garch method. In [27] is estimated the unknown parameters for stochastic differential equation with discrete time observation monthly YHOO stock data. The authors found that the increase in crude oil price is found to be associated with the depreciation of the exchange rate and appreciation of stock market prices from 2000 to 2013. In [28] is investigated the dynamic co-movements between the BRICS indexes and the crude oil (WTI and Brent) and gold prices in time-frequency space. The results of the study show that the BRICS index returns co-move together with the WTI crude oil price at low frequencies. In [29] is investigated the dependence between electricity spot markets at the heart of Europe including France, Germany, Austria and Switzerland based on copula models.
Model specification and estimation

Copula functions
The copula function is proposed to measure dependence of multivariate variables. Based on the famous Sklar's theorem [30] , copulas allow to put in place the fruitful idea of splitting the specification of a multivariate model into two parts: the marginal distributions on one side, the dependence structure (copula) on the other part. Let X and Y be random variables with continuous distribution functions X F and Y F , which are uniformly distributed on the interval [0,1]. Then, there is a copula such that for all , x y R ∈ :
The copula, C, for (X,Y) is the joint distribution function for the pair
The joint probability density of the variables X and Y is obtained from the copula density
where ( )
x f x and ( ) y f y are the marginal densities of the random variables X and Y. According to [30] an n-dimensional joint distribution can be decomposed into its n-univariate marginal distributions and an n-dimensional copula. In the extension of Sklar's theorem to continuous conditional distributions, Patton [31] shows that the lower (left) and upper (right) tail dependence of two random variables is given for the copula:
where λ l and
Copula models
We introduce several copula models in this section; Gumbel copula, Clayton copula, Frank copula, Gaussian copula, Student t copula, and Joe copula.
Gumbel copula: This Archimedean copula is defined with the help of generator func-
where θ is the copula parameter restricted to [1, ) ∞ . This copula is asymmetric, with more weight in the right tail. Beside this, it is extreme value copula [17] .
Clayton copula: This Archimedean copula is defined with the help of generator func-
where θ is the copula parameter restricted to (0, ). ∞ This copula is also asymmetric, but with more weight in the left tail [17] .
Frank copula: This Archimedean copula is defined with the help of generator function ( ) ln( e 1)/(e 1)
where θ is the copula parameter restricted to ( )
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Joe copula: This Archimedean copula is defined with the help of generator function
whereθ is the copula parameter restricted to [1, ) ∞ [17] . Gaussian copula: The copula function can be written:
where
is the inverse of the standard normal distribution and ρ is the general correlation coefficient.
Student t copula:
The Student's t-copula allows for joint fat tails and an increased probability of joint extreme events compared with the Gaussian copula. This copula can be written:
where ρ, ν parameters of the t copula.
Marginal modelling
In order to construction the model for bivariate distribution with the copula, firstly the marginal distribution for the series must be created. For this, there are models that ıt has been generally adopted financial time series returns. The ARCH and Garch model, proposed Engle and Bollerslev [32] and Bollerslev [33] , which have been widely applied Financial series. There are a few Garch model. In this paper, we combine ARMA (m,n) and ARCH(p,q), Garch (1,1), EGARCH, and GJR-Garch (p,q) model to daily financial returns. This models: 
where m, n, p, and q are positive integers, fig. 1 , presents scatter plot of data. Tables 1 and 2 give summarize statistics of financial series and financial return series, respectively. In tab. 1, mean values of the ISE 30, ISE 50, and ISE 100 are close to each other, while mean of the Brent Oil is quite different from the rest. For ISE 30, ISE 50, and ISE 100, the corresponding standard deviations, we see the same pattern as in the mean, are pretty close to each other but the standard deviation of the Brent Oil is quite different from the rest. Skewness of four financial series are positive. Kurtoses of the four markets are very close. The Jarque-Bera (JB) test shows that the normality of each series distribution is strongly rejected at 0.05 level, which means all the four index distributions are non-normal. In tab. 2, mean values of the ISE 30, ISE 50, and ISE 100 and return series are close, mean of the Brent Oil return series is quite different from others. For ISE 30, ISE 50, and ISE 100, Brent Oil return series, the corresponding standard deviations are pretty close. Skewness of Brent Oil and ISE 100 return series are negative and Skewness of ISE 30 and ISE 50 return series are positive. This indicates Brent Oil and ISE 100 returns that are skewed left, beside this other returns that are skewed right. Kurtoses of the four markets are very close. The JB test shows that the normality of each return series distribution is mightly refused 0.05 level, which express all the four finance index distributions are non-normal. Finally, the Autoregressive Conditional Heteroscedasticity-Lagrange Multiplier (ARCH-LM) test indicates that there exist strong ARCH effects in all the eight financial return series. Tables 3 and 4 shows the estimation results of the Garch-type models. We select the most appropriate with the help of criteria AIC and SIC, tabs. 3 and 4. All the parameters estimate of marginal distributions are contained in tab. 3, tab. 4 which summarize the best model for all the four marginal distributions. The best models for the marginal is Brent Oil ARMA (4, 4) EGARCH (1,1,1), ISE 30, ISE 50, and ISE 100; ARMA (2,3) CGARCH (1,1), ARMA (2,3) CGARCH (1,1), and ARMA (3,3) CGARCH (1,1). Here, the EGARCH model has been chosen to take into account the asymmetric effect. It is seen that β parameter, which has asymmetrical effect, is positive statistically significant for Brent Oil. Namely, from tab. 4, for Brent Oil return series have leverage effect, this series has a negative correlation between the past and the future volatility of returns. This state, it shows that for Brent Oil, asymmetrical effect is stated that according to good news of bad news, the stock has further increased its return volatility. In tab. 4, for ISE 30, ISE 50 and ISE 100 returns series, it is found that evidence the optimal model in terms of goodness-of-fit to the data is the CGARCH, a result which suggests the importance of having both a short-run and a long-run component of conditional variance. According to tab. 4, ARCH-LM test show that four series are neither autocorrelation nor ARCH effects be in the residuals. Graphical representations of the data employed are shown in figs. 2 and 3.
Results of marginal modelling
Results of copula modelling
In this study, the copula dependence structure modeling was performed. In fig. 4 , presents scatter plot of data in [0,1]. As we see from tab. 5, the relationship between Brent Oil and ISE 30, ISE 50, ISE 100 is positive, however it is not strong. For this pairs, empirical distribution function are as shown in figs. 5-7. To explain the relationship, we employed six copula family. The estimated copula parameters are reported in tab. 5. From tab. 5, we see that, according to logl, AIC and BIC values, the Clayton copula performs best for the pairs Brent Oil-ISE 30, Brent Oil-ISE 50, and Brent Oil-ISE 100. The Clayton copula cannot account for negative dependence. Also, the method has been used to model risk characterized by strong lower tail 
Conclusion
In this study, the relationship between Brent Oil and ISE 30, ISE 50, ISE 100 was measured by copula-GARCH model. Firstly, it is shown that Brent Oil and ISE 30, ISE 50, ISE 100 are modelling Garch model. For Brent Oil, EGARCH model is taken into account asymmetric effect. So, it is shown that negative conditions are more effective than positive conditions on serial volatility. Later, relationship between Brent Oil and ISE 30, ISE 50, ISE 100 are modelling copula that is non-parametric method. It is shown that relationship between Brent Oil and ISE 30, ISE 50, ISE 100 is positive and weak. Brent Oil-ISE 30, Brent Oil-ISE 50, and Brent Oil -ISE 100 are modelling Clayton copula. Looking at the tails of these pairs, the Clayton copula has zero upper tail dependence and lower tail dependence. The pair Brent Oil-ISE 50 and Brent Oil -ISE 100 have highest lower tail dependency than Brent Oil-ISE 30. 
